Background: Using electronic health records (EHRs) for population risk stratification has gained attention in recent years. Compared with insurance claims, EHRs offer novel data types (eg, vital signs) that can potentially improve population-based predictive models of cost and utilization.
O besity and its related conditions account for ∼10% of all medical spending in the United States, which was estimated to amount to $147 billion annually in 2008. 1 Medicare and Medicaid finance a substantial fraction of state-level obesity costs, which varies by state (range, 25%-64%). 2 Increasing body mass index (BMI) has been associated with greater inpatient, outpatient, and emergency department (ED) utilization. 3 Obesity-related conditions increase health care costs at both the person and population levels. 4 Most recent estimates suggest that nearly 40% of US adults are obese, 5 and excess body weight increases the risk of death from cardiovascular disease, diabetes mellitus, kidney disease, and certain cancers. 6 Obesity makes some conditions, like hypertension and osteoarthritis, costlier than if these conditions were present without obesity. 4 This evidence suggests that BMI may help predict health care costs and utilization.
To date, predictive models have typically used diagnosis information derived from health insurance claims to forecast costs and utilization. Health plans and government agencies heavily rely on these models for profiling providers, adjusting payments, underwriting, and prioritizing patients for care management. 7, 8 With the widespread implementation of electronic health records (EHR), a new data source is becoming widely accessible that contains not only diagnosis information, but other measures such as vital signs and laboratory values that are not available in claims. 9, 10 In a previous study, we found that adding laboratory markers to diagnosis-based models significantly improved the prediction of costs and inpatient admissions for basic models that account for age, sex, and multiple comorbid conditions. 11 The predictive ability of comprehensive diagnosis-based risk models was only marginally improved at the population level, which we suspect occurred due to the interrelationship between laboratory results and conditions already captured in the comprehensive diagnostic information.
Several studies using EHR data have found that patients who meet BMI criteria for overweight or obesity often do not have a diagnosis code for these conditions. [12] [13] [14] As weight status is not usually captured in diagnosis data, claims-based predictive models might benefit from the addition of BMI to improve population-based forecasts of costs and inpatient hospitalization. Although prior studies have evaluated the value of BMI in predicting cost, 15 studies have not incorporated BMI into a diagnosis-based predictive model for health care utilization outcomes.
In this study, our objective was to determine whether the addition of BMI markers improves the performance of diagnosis-based predictive models among individuals enrolled in a health plan and actively receiving ambulatory care from an integrated delivery system. We hypothesized that these BMI risk markers would improve predictive models of costs and inpatient admissions, relative to diagnosis-based risk markers obtained from claims and structured EHR data.
METHODS

Study Design and Setting
This study is a 2-year retrospective cohort study (2012) (2013) of data provided by HealthPartners, which is a Minnesota-based health insurer with 1.5 million beneficiaries and an integrated delivery system that provides health care at 7 hospitals, 47 primary care clinics, and 22 urgent care centers. 16 
Data Source
The database contained: (1) structured EHR data that included encounter diagnoses, height, weight, and BMI values obtained during outpatient visits within the network; (2) administrative data that included insurance enrollment, benefit eligibility files, and demographics; and, (3) medical and pharmacy claims data that included ICD diagnoses and CPT procedure codes from inpatient and outpatient settings, prescriptions as National Drug Code (NDC), date of services, paid amount by plan, and out-of-pocket amount by individuals. Our predictors, including BMI, were derived from 2012 data, while our cost and utilization outcomes were constructed from data in both 2012 (concurrent) and 2013 (prospective).
Study Population
Our denominator population included 141,087 patients. We excluded 37,245 patients who were not aged 20-64 years, were not continuously enrolled in 2012 and 2013, or did not have at least 1 visit to one of HealthPartners' outpatient clinics in 2012 (Fig. 1) . We excluded individuals who were identified as having bariatric surgery (n = 223) or limb amputation (n = 48) in 2012, or having cancer (n = 5401), pregnancy (n = 5646), or congestive heart failure (n = 444) in either year, as these conditions or procedures can substantially alter weight. Total patients excluded due to these conditions were 11,158 individuals as some patients had > 1 condition. We also excluded people without a valid BMI value (n = 32,835; processes described below). Our final analytic sample included 59,849 patients who had at least 1 outpatient visit in 2012 with a valid BMI record ( Fig. 1 ; see Supplemental Digital Content 1, http://links.lww.com/MLR/ B625, for additional information about the excluded patients).
Creation of BMI Risk Markers
The creation of BMI risk markers required several steps (Fig. 1) . First, we defined invalid height and weight values that were entered into the EHR due to the potential data entry errors in clinical settings. We defined the range of valid weight between 25 and 635 kg and valid height between 0.67 and 2.72 m, based on reported minimums and maximums weight 17, 18 and height. 19, 20 Second, we determined the BMI value for each visit. We calculated BMI for each visit that had valid weight and height values. For visits that only had valid weight available, we used the BMI value, if available, under the assumption that the EHR calculated the BMI using a prior height measure which is generally stable in adults. For visits that only had valid height available, we did not use the BMI value, if available, given the EHR is likely carrying over a prior weight and weight has the potential to change over time. We excluded visits that had neither valid weight nor height. Third, we designated a BMI value for every individual. The value needed to be within a defined valid BMI range (9-129 kg/m 2 ) 5 and occur in 2012 leaving 141,305 visits for inclusion (Fig. 1 
Diagnosis-based Population Risk Assessment Models
Similar to the strategy that we used in our prior research to assess the value of EHR data in predicting utilization, 9, 11, 22 we created 2 different diagnosis-based population risk assessment models using 2012 data. We also created a basic model that only included sex and age groups (aged 20-34; 35-44; 45-54; 55-64). The first diagnosis-based model used the Charlson comorbidity index in addition to age and sex. 23 , 24 Charlson index has been adopted widely and shown to be predictive of health care costs. 25 The second diagnosisbased model used the Dx-PM score, derived from the Adjusted Clinical Groups (ACG) System, 26, 27 in addition to age and sex. The ACG system provides various measures of an individual's morbidity using diagnosis and/or pharmacy claims. The Dx-PM score is a comprehensive diagnosis-based predicted score constructed from various ACG morbidity metrics, including age groups, sex, a pregnancy without delivery indicator, hospital dominant markers (factors associated with 50%+ of hospital admission in the next year), a medically frail indicator, and selected chronic disease markers. The Dx-PM score has been shown to be a valid measure of morbidity. 9, 10, 22, 28 
Outcome Measures
Our primary outcomes were the individual's annual costs and utilization of health care services in 2012 (concurrent) and 2013 (prospective). For costs, we calculated 3 types of annual costs-total, medical, and pharmacy costs. Annual total cost was the sum of paid and out-of-pocket amount derived from both medical and pharmacy claims during a calendar year, while annual medical and pharmacy costs were derived from their respective claims. All costs were truncated at top 0.5%, as the cost is highly skewed. 9, 22, 28 We also identified patients in the top 5% total costs among all beneficiaries. For utilization, we identified beneficiaries as having any hospitalization and having any ED visit in each period.
Statistical Analyses
We determined the descriptive characteristics of study subjects by the BMI groups. To test the added value of BMI markers, we added them to each of the 3 base models (ie, demographic, Charlson, Dx-PM) to create BMI-enhanced models. For the cost outcomes, we used a linear regression model, which is the standard model adopted in risk adjustment studies and has been shown to produce similar performance relative to more advanced statistical methods. 9, 22, 28 We compared changes in R 2 and mean absolute prediction error (MAPE) 29 between the base and BMI-enhanced models.
For the utilization outcomes and top 5% total costs analyses, we applied logistic regression and compared the area under the curve (AUC) between the base and BMI-enhanced models. We performed a bootstrap analysis of 300 runs to provide point estimate and 95% confidence intervals (CIs) for all performance measures (R 2 , MAPE, and AUC). BMI was considered statistically significant in improving model performance if the 95% CIs of the BMI-enhanced model did not contain the point estimate (ie, R 
RESULTS
Characteristics of Study Population
The study population included 59,849 patients, 57% female, with 45-54 and 55-64 age groups having the highest share of patients (29% and 28%; Table 1 ). The majority of patients were in the "under/normal/overweight" group (66%) followed by class I (19%), class II (9%), and class III (6%). Higher classes of BMI had a higher percentage of older age ranges (eg, age 45-54 constituted 27% of "under/normal/ overweight" group while this was 32% for class III obesity). Few patients who had BMI values consistent with obesity had an encoded diagnosis of obesity in EHR and/or claims (8.15% for class I; 18.14% for class II, and 35.19% for class III; Table 1 ).
Comorbidity also increased across the BMI levels. The overall population had a Charlson score of 0.16 and Dx-PM score of 1.21, whereas these scores were 0.22 and 1.45 for class II obesity, and 0.28 and 1.62 for class III obesity. Higher BMI levels had a considerably higher rate of type 2 diabetes, hypertension, and ischemic heart disease compared with the lower groups. For example, patients with class III obesity had 7-, 3-and almost 2-times higher rates of *Statistical significance of utilization differences among different BMI levels was not calculated as P-value is not very informative in large populations (ie, all P-values were significant at 0.001 level). type 2 diabetes, hypertension, and ischemic heart disease, respectively, when compared with the "under/normal/overweight" group (Table 1) .
Utilization rates were higher among higher BMI levels. Patients with class III obesity had 3-times higher rates of inpatient admissions in 2013 compared with the "under/ normal/overweight" group, while this rate was 1.8 for ED admissions. A higher percentage of patients with class III obesity were among the top 5% total costs when compared with the other groups (10.1% vs. 4.0%, 5.8%, and 7.3%; Table 1 ). The same trend was evident for continuous costs ( Table 1) .
Impact of Adding BMI Levels on Predicting Cost
The added predictive value of BMI markers was measured by comparing model performance before and after adding them to 3 underlying "base" models: demographics, Charlson, and Dx-PM ( Table 2 ). The models were used to predict total, pharmacy, and medical cost concurrently (2012) and prospectively (2013). Adding the 4 categories of BMI levels improved the performance of the demographic model across all costs (ie, 95% CI of the enhanced model did not contain the R 2 of the base model and vice versa). The relative R 2 improvement of the demographic model ranged from 61% (ie, absolute R 2 increased from 0.56 to 0.90) for pharmacy cost prediction prospectively to 29% (from 1.24 to 1.60) for medical cost concurrently. Adding BMI to the Charlson model only improved prospective total and medical cost predictions (13% and 15%, respectively; from 4.23 to 4.79 and from 3.30 to 3.79). Although the face value of R 2 increased by adding BMI levels to Dx-PM models (ie, advanced diagnostic-based models), the added performance did not prove to stabilize in iterative runs, hence did not show statistical significance (ie, 95% CI ranges of the base model contains R 2 of the BMI-enhanced model; Table 2 ). Using the MAPE performance measure, which can be used to compare model performance across different outcomes, revealed no value in adding BMI levels to any of the underlying base predictive models (Table 3) .
Impact of Adding BMI Levels on Binary Utilization Outcomes
The value of BMI markers was also assessed in predicting binary utilization outcomes such as having an inpatient or ED admission, and being in the top 5% total costs. Adding BMI to the demographic model improved the prediction of all binary outcomes (ie, AUC increased relatively between 2% and 7%; absolute AUC increased from 0.602 to 0.617 and from 0.516 to 0.554). Adding BMI levels to the Charlson model also improved predicting all prospective outcomes, ranging from 4% improvement of AUC for predicting hospitalization and ED admission (from 0.639 to 0.665 and from 0.556 to 0.576) to 3% to predict being in the top 5% of total costs (from 0.649 to 0.668). Adding BMI to the Charlson model only improved predicting concurrent ED admission. The performance of Dx-PM model in predicting binary utilization outcomes did not improve after adding BMI levels.
Sensitivity Analysis
Analyzing the excluded population that missed a valid BMI showed a consistent trend (ie, lower mean age, slightly lower burden of comorbidities, and lower utilization rates); however, the observed trend was expected due to study's exclusion criteria (Supplemental Digital Content 1, http:// links.lww.com/MLR/B625).
Within the study population, an individual on average had 2. 
DISCUSSION
Adopting new digital data sources to improve utilization prediction has become a priority topic within the population health management field. 30 Because of the increased adoption of EHRs among primary care providers, 31, 32 using EHR data to improve risk stratification has gained attention in recent years. 9, 11, 22, 33 In this study, we assessed the value of BMI derived from EHR data when added to data extracted from medical insurance claims in predicting cost, hospitalization, and ED admission. The results showed that adding BMI to demographic and Charlson models provide a statistical significant, though limited, value in predicting various cost and utilization outcomes. However, these improvements disappear when more comprehensive models are used (eg, Dx-PM model of the ACG system).
BMI and Utilization
A recent systematic review found that total annual health care costs were 36% higher for individuals with obesity as compared with normal weight, and costs were higher for medications (68% higher for obese), hospitalizations (34% higher), and outpatient care (26% higher). 15 Many of these epidemiologic studies have adjusted their analyses for confounders such as basic demographic characteristics, socioeconomic status, and/or health behaviors, but have avoided including characteristics hypothesized to be on the causal pathway between BMI and health care costs (eg, type 2 diabetes mellitus or coronary heart disease). While this approach is appropriate for epidemiologic studies, these analyses are unable to disentangle the costs attributable directly to obesity from indirect costs due to conditions associated with obesity.
Health plans and government agencies currently use diagnosis-based predictive models to forecast costs and utilization, which is then used to profile providers, adjust payments, and prioritize patients for care management interventions. 7, 8 Therefore, understanding how BMI may enhance these diagnosis-based predictive models is critical, as these systems are unlikely to be able to direct resources to all patients with obesity but rather need to focus on identifying patients at high-cost risk. To our knowledge, our study is the first to examine how BMI may impact diagnosis-based models to predict health care costs and utilization.
Role of BMI in Dx-based Models
Adding BMI to predictive models of utilization that incorporate diagnostic codes (Dx) either showed limited improvements (ie, Charlson model) or no change (ie, Dx-PM model; Tables 2-4 ). The limited role of BMI in Dx-based models could be partly explained due to the existing coding of obesity as a diagnosis in the study population, especially within the higher classes of BMI (eg, 35% of patients with class III obesity had a diagnostic code for obesity). Hence, the added value of BMI categories was partially absorbed and consequently neutralized by the captured diagnostic codes of obesity. However, the diagnosis encoding of obesity was considerably lower in class I and class II of BMI levels (8.15% and 18.14%) thus indicating the need to further investigate the added value of BMI levels in improving utilization prediction among the obese but undercoded subpopulations.
Obesity-related conditions (eg, type 2 diabetes) are highly correlated with obesity and these diseases, in turn, are predictive of utilization (Table 1) . Therefore, the existence of obesity-related diagnostic codes-even when obesity codes are missing-could likely diminish the independent effect of BMI in improving Dx-based models. This effect is perhaps more evident in higher classes of BMI as patients in this subgroup have a higher rate of diagnostic codes for morbidities such as type 2 diabetes, hypertension, and ischemic heart disease ( Table 1 ). These findings reinforce that these comorbid conditions are on the causal pathway between BMI and health care costs, as often identified in epidemiologic studies. Therefore, predictive models targeted at subpopulations of obese patients (ie, classes I to III) who have yet to develop obesity-related conditions may benefit more from adding their BMI levels in predictive models of utilization, which should be examined in future studies.
The usefulness of temporal patterns of BMI should be assessed as a risk marker for utilization. In this study we used the last recorded BMI in the training year (ie, 2012). Although the absolute BMI value can help predicting utilization by filling the missing diagnostic codes of obesity, it does not show the trajectory of BMI (eg, a patient gaining or losing weight), which could be predictive for certain outcomes of interest 13. In addition, our study only included 2 years of data in which the first year's BMI was used to predict next year's outcomes. However, the BMI levels and its change over time may need additional years of data to show the true effect of BMI on utilization in long term, and hence improving the predictive models. Future research should investigate the effect of BMI (and its change) over an extended time period (eg, 5-10 y); although such longitudinal EHR data, coupled with claims data, for large populations are currently not commonly accessible for research.
Potential Use Cases
Value-based care has extended population health management efforts, including population analytics, from insurance to provider organizations. 34 Health care providers, however, often do not have access to the full spectrum of diagnostic codes accumulated in insurance claims that represent patient diagnoses documented by all covered entities/providers. 35, 36 Indeed, providers often use their local EHR data for risk stratification, which is often limited to diagnostic codes collected within their network 9. In this study we did not limit the diagnostic codes to EHR data only; however, EHR diagnostic codes have been shown to be subpar compared with diagnostic data extracted from claims in predicting utilization 9, 10 ; hence, adding BMI categories might represent a useful approach for providers to modestly improve their utilization predictions. In addition, small practices may not have access to more comprehensive risk stratification tools/ models, thus benefitting from integrating BMI levels in more accessible predictive models (eg, Charlson; Tables 2, 4) . BMI has long been collected and analyzed within and outside of clinical settings for purposes such as public/population health research and weight-management interventions. Multiple federal and statewide efforts collect obesity data, including BMI, from large populations 37 ; however, diagnostic information on all clinical conditions is often not collected. 38 In such a context, using BMI in addition to the demographic information (ie, age and sex) can enable the sponsoring entities/programs to better stratify their underlying target populations for various utilization outcomes. Similarly, online and app-based weight-management interventions often do not collect detailed diagnostic information from their users, thus leaving application developers with an opportunity to use BMI in risk stratifying their end users. Future research should investigate the potential of repeatedly measured temporal BMI data (eg, weekly BMI records) in risk stratifying users of weight-management applications.
Limitations
Our research has several limitations: first, we used a single population of working-aged insured patients; therefore, our results need to be examined in other settings and populations (eg, assessing the value of BMI for risk stratification among the pediatric, older adult, Medicaid, or uninsured populations). Second, we selected the last BMI value in the index year; however, the change in values over time (potentially in multiple years) might contain important risk information that we did not include in this analysis. Third, we limited our outcomes to costs and utilization, and did not test the relationship of BMI markers with other outcomes such as mortality or functional status. Fourth, we did not assess the added value of BMI to models that include medication information assuming that the added value of BMI will diminish in more comprehensive models (ie, having medication data in addition to diagnostic information). Fifth, we combined the under, normal, and overweight populations as 1 category due to the distribution of cost across the underlying study population; however, future research should further disentangle the value of BMI in these subcategories. Sixth, although R 2 showed a considerable improvement in performance when adding BMI to noncomprehensive models, MAPE measures did not reveal a significant improvement. As MAPE is often used to compare performance of models predicting different outcomes, further investigation is needed to compare BMI-enhanced models predicting cost with models predicting other utilization outcomes. Finally, our findings should be treated as preliminary and potentially limited to the data sources, patient denominator, and analytical methodologies used in this study. Most importantly, the generalizability of our results is confined to the quality of BMI information captured in the EHR records used in this study (eg, clinical settings may vary in capturing high-quality data 39 such as BMI and/or assigning obesity-related diagnostic codes for all of their patients).
